Abstract. The vaccination which is a most effective protection against the virus is also a helpful part of the artificial immune systems (AIS). A vaccination in AIS means modifying some genes of an antibody in accordance with priori knowledge so as to gain higher affinity with greater probability. Since vaccination is problem specific, what can we do if we have no idea about the problem? To address this, we propose a pheromone based dynamic vaccination for real coded immune algorithms in this paper. The pheromone which is a term of the ant colony system is used as a carrier of knowledge learned from population's evolution and acts as a producer of dynamic vaccines. Experiments on numerical optimization problems indicate that the pheromone based vaccination operator has the ability of acquiring useful information about the objective functions and developing effective vaccines dynamically.
Introduction
Artificial immune systems (AIS) which can be defined as computational systems inspired by theoretical immunology and observed immune functions has attracted significant research interest over the years [1] . Inspired by the clonal selection theory, De Castro pioneered the Clonal selection algorithm (CSA) [2] in 2000. After that, many clonal selection based artificial immune algorithms have been proposed. The dynamic clonal selection algorithm (DynamiCS) constructed by Kim in 2002 [3] and polyclonal strategy proposed by Licheng Jiao in 2003 [4] are two of the most outstanding contributions. Lei Wang and Licheng Jiao introduced immune concepts and methods into evolutionary algorithm to form immune evolutionary algorithms [5] . In this work, two immune operators of vaccination and immune selection are designed and they have been proven to be able to restrain the degenerate phenomenon of GA.
Vaccination is a means of stimulating the immune system to produce diseasepreventing antibodies. Vaccines can be regarded as a priori knowledge about a certain disease. In the study of artificial immune systems, vaccines have been designed for different problems such as numerical optimization problem [6] , TSP problem [7] , SAR image segmentation [8] and intrusion detection problem [9] and so on. These vaccines are problem specific. What can we do when we have no idea about the problem? This paper is dealing with an approach for preparing vaccines adaptively when we know nothing about the character of the problems dealt with. This work proposed a pheromone based dynamic vaccination for immune algorithms to learn valuable information from population's evolution by stimulating the pheromone deposition and volatilization mechanism of ant colonies. In addition, the acquired knowledge is used to produce dynamic vaccines which act as a guidance for further evolutions. Experiments on numerical optimization problems indicate that the pheromone based vaccination operator has the ability of acquiring useful information about the objective functions and developing effective vaccines dynamically.
Pheromone Based Vaccination
The pheromone is a term from ant colonies. Inspired by the foraging behavior of ants, M. Dorigo pioneered the ant colony algorithm (ACA) [9] and applied it to the traveling salesman problem (TSP) [10] . Ant colony algorithm is a novel category of bionic algorithm for optimization problems. It is suitable for solving combinational optimization problems, but has the limitation of stagnation and is easy to fall into local optimums when dealing with massive problems. Moreover, it is difficult for ACA to deal with optimization problems with continuous searching space. However, ACA provides illuminations that can be utilized effectively to learn the developing tendency of genes with continuous coding spaces. Inspired by ACA, a pheromone based vaccination operator is designed for artificial immune algorithms to solve optimization problems with continuous searching space. The optimization problems with continuous searching space can be described as follows:
In formula (1), ( ) f x is the target function of the optimization problem, n R ⊆ S is the n-dimensional continuous searching space with border , 1, 2,...,
Real Number Coding and Antibody-Antigen Affinity Definition
The proposed vaccination operator is designed for real number coded immune algorithms. For an optimization problem with n variables, the antibody coding is a real number string with length n, described as,
is the variable of the optimization problem dealt with, A is the antibody coding of the variable X , described by
. X is called the decoding of antibody A, described by
A . Then we can get:
As antibody's affinity must be a positive value, we construct a negative real function ( ) g X which is consistent with ( ) f x . In other words, for any two variables 1 2 , 
Pheromone Matrix
From the point of view of each gene location, its value changes from one to another between 0 and 1 to find an appropriate value that maximize affinity of the antibody.
Since there are many antibodies in the population, it looks as if there are many ants walk between 0 and 1 to look for food. Therefore, the foraging behavior of ants can be mimicked. 
. It is fulfilled with an initial value of w.
Vaccination Operators Based on Pheromone
The pheromone based vaccination proposed in this paper has two parts. One of them is the vaccine injecting operator. In this operator, vaccines will be produced and injected using information from the pheromone matrix. The other one is the pheromone updating operator. It learns useful information from the foregoing evolution by manipulation the pheromone concentration of the pheromone matrix.
Vaccine Injecting Operator
The vaccine injection operator will be applied on antibodies of the population after the immune genetic operations as probability i p . The vaccine injection operator can be described by the following pseudo code:
For each antibody of the population ( )
, , 
( )
Latest t is the latest gene value that is located in the t-th segment. The midpoint value between t min and t max will be returned if no gene has previously been assigned to values located in this segment.
The Pheromone Updating Operator
For each antibody in the population, apply this operator on it after the vaccine injecting operation. Let A be any antibody in the population and ′ A be its offspring after the immune genetic operation and the vaccine injecting operation. The pheromone updating operator can be described by the following pseudo code: 
Simulation Experiments
In order to validate the effectiveness of the proposed vaccination approach, the immune algorithms with pheromone based vaccination are executed to solve the following test functions. 
Effectiveness of Pheromone Based Dynamic Vaccination
Experiments have been done to investigate the effectiveness of pheromone based dynamic vaccination. Table 1 is comparisons of the performance between the clonal selection algorithm (CSA) [2] and the CSA with pheromone based dynamic vaccination (PHDV_CSA). Table 2 is comparisons between the immune programming (IP) [5] and the IP with pheromone based dynamic vaccination (PHDV_IP). All results presented are averages of fifty independent runs. Each run continues until either an optimal solution has been found or the maximum number of generation 1000 is reached. In each run, the control parameters were set as follows: the population size pop_size is 20, the test function dimension n is 10, the number of segments m is 1000, the pheromone trail decay coefficient ρ is 0.2, the constant of total pheromone deposited in one trip Q is 800, the initial pheromone concentration w is 1, the lower and upper limit of pheromone concentration are respectively 0.5 and 15 and the vaccine injection probability i p is 0.6. Other parameters for CSA and IP are the same as those used in reference [2] and [5] . It can be seen from these data that PHDV_CSA and PHDV_IP perform much better than CSA and IP, as they have found superior solutions with less function evaluations. These data enable us to conclude that the pheromone based dynamic vaccination is effective on improving the searching capability of immune algorithms. Moreover, the comparisons of the standard deviation indicate that the proposed vaccination strategy makes the immune algorithms much more robust.
Convergence of Pheromone
This experiment is designed to investigate whether the pheromone based vaccination approach has learned the real information about the test functions. Considering the first vector of the pheromone matrix, Fig.1 and Fig.2 show the convergence process of the pheromone distribution while solving the optimization problem of the 30 dimensional test functions F1 and F5 with PHDV_CSA. , , x = L . Its best value in first dimension 402.9687 is mapped to a gene value of 0.9029687 in the coding space. Fig.4 indicates that the pheromone concentrations converge to the segment around the very value after 500 iterations. Therefore, we come to the conclusion that the pheromone based vaccination approach has achieved the real information about the objective functions.
Concluding Remarks
In this paper, we presented a pheromone based vaccination approach for immune algorithms. Our objective was to design a dynamic vaccination strategy which is independent from prior knowledge about the problem for immune algorithms, so that they could be more self-adaptive and easy to use.
Inspired by the ant colony system, the proposed approach learned useful information from population's evolution by stimulating the pheromone deposition and volatilization mechanism of ant colonies. Experimental results indicate that, the distribution of pheromone concentrations reflects the real information about the objective function, and the pheromone based dynamic vaccination is efficient in improving the performance of immune algorithms.
However, the proposed vaccination is suitable for immune algorithms without crossover operator. How to make a modification so as to cooperate with the crossover operation is one of the future works.
